Introduction
In cohort studies the event under investigation is often rare. In such situations, the use of case-control designs can considerably reduce the number of individuals for which covariate information must be gathered without much loss in efficiency. The resulting savings can then potentially be spent on acquiring relevant covariates to reduce omitted variable bias and accurate measurement of covariates to reduce measurement error bias.
The two main variants of cohort sampling designs are the nested case-control design (Thomas, 1977) and the case-cohort design (Prentice, 1986) . In a nested case-control design controls are sampled from the risk sets during the follow-up at event times. In a case-cohort design, which provides the background for the approach proposed in this paper, covariates are obtained for individuals who experience the event (cases) and for a subcohort sampled at the outset of the study. Proportional hazards models are typically fitted to case-cohort data using estimating equations that resemble partial likelihoods (Cox, 1972) , such as the pseudolikelihood of Prentice (1986) . Alternatively one may, similarly to, for instance, Self & Prentice (1988) or Chen & Lo (1999) , use weighted pseudo likelihoods with inverse probability weighting (e.g. Robins et al., 1994) .
Often some covariate information is available for all cohort members, including 'surrogate' variables that are predictive of the main exposure variables. For instance, blood type may be known for an entire population whereas DNA typing must be performed for each individual to determine the alleles of a particular gene. If the gene frequency is known to depend on blood type we may use blood type as a surrogate when sampling controls for which DNA typing is performed. A more powerful study design can then be constructed by stratified sampling of the subcohort where the surrogate variables define the strata (Samuelsen, 1989; Borgan et al., 2000; Kulich & Lin, 2000) . Alternatively, surrogate variables can be used for counter-matched designs with stratified sampling of controls at each event time.
For stratified case-cohort studies, Borgan et al. (2000) present large sample results for estimators derived from weighted partial likelihoods where weights are inverse sampling fractions to the subcohort. The large sample covariance matrix for this estimator can be split into two components; the cohort covariance matrix and a covariance matrix due to sampling the subcohort from the full cohort, which depends on the stratum-specific covariance matrix of score influence terms. Borgan et al. also argue that a more efficient estimator can be obtained by redefining the strata and sampling fraction by using the cases as a separate stratum in addition to the original strata (see also Chen & Lo, 1999) , which amounts to post-stratification (e.g. Cochran, 1977) . However, the efficiency improvement is typically modest in practice. Self & Prentice (1988) derived the large sample properties of the original case-cohort estimator of Prentice (1986) . Their variance estimator was subsequently simplified by Samuelsen (1989) and Lin & Ying (1993) . Building on the simplified representation, Therneau & Li (1999) show that the variation due to sampling can be calculated from estimated influence terms ('DFBETAS'). They also give concrete examples of implementation in the standard statistical software.
The first objective of this article is to provide a similar script for the stratified case-cohort estimator suggested by Borgan et al. (2000) , which is possible as variance estimators in this case also depend on DFBETAS. A perusal of recent applications of stratified case-cohort designs suggests that it is useful to explicitly state the variance estimator of Borgan et al. (2000) in a simpler form. For instance, De Roos et al. (2005) and Li et al. (2006) appear to use robust variance estimates (Barlow, 1994) , which we will show can be very conservative for stratified case-cohort studies. Hisada et al. (2005) state that they use an 'appropriate' bootstrapping technique but no further details were given. However, even for standard casecohort data bootstrapping should proceed with caution. Wacholder et al. (1989) suggest an appropriate procedure which might be adapted to stratified case-cohort designs.
The second objective of this article is to point out the relation between stratified case-cohort analysis and the 'local averaging' estimators of Chen (2001) for general cohort sampling designs such as case-cohort, nested case-control, 'traditional' case-control and many other sampling designs such as replenishing the subcohort (Prentice, 1986; Barlow, 1994) . We show that Chen's estimators can be viewed as post-stratified case-cohort estimators where strata are defined by both case-control status and by right-censored time grouped into intervals. Variance estimation can then be carried out using the script presented for stratified case-cohort analysis.
The third objective of this article is to extend the class of designs discussed by Chen (2001) . Although the scope of his approach is quite general, it is confined to designs where no surrogate variables are available for all cohort members. Interestingly, the local averaging or post-stratification technique can also be used for the stratified case-cohort designs of Borgan et al. (2000) , counter-matched designs and Bernoulli sampling designs (Kalbfleisch & Lawless, 1988; Robins et al., 1994) . The connection to standard stratified case-cohort designs makes variance estimation straightforward.
The outline of the paper is as follows. In section 2, we describe the framework of Borgan et al. (2000) for stratified case-cohort analysis, present their regression parameter estimator and variance estimator and show how the latter can be obtained from the DFBETAS. We also present a small simulation study investigating the performance of this variance estimator. In section 3, we discuss Chen's approach and point out how it is related to stratified case-cohort analysis. In section 4, we study an extension of Chen's generalized case-cohort design to allow for surrogate-dependent sampling and show how such data may be analysed with the post-stratification method. In section 5, we use simulations to investigate the performance of estimators which can be interpreted as post-stratified case-cohort estimators. Finally, we close this article with a brief discussion.
Stratified case-cohort studies

Cohort data
We represent cohort data as survival data in counting process notation (Andersen et al., 1993) :
where, for individual i, N i (t) is an indicator of event (case) before (or at) time t, Y i (t) is an indicator of being at risk just before time t and Z i is a p-dimensional vector of covariates. For notational simplicity we omit possible time dependency for Z i .
Under the proportional hazards assumption, the hazard of the event for individual i is given as i (t) = exp( Z i ) 0 (t), where is a vector of regression coefficients and 0 (t) a baseline hazard function. Cox (1972) suggested that could be estimated by maximizing the (log-)partial likelihood which in counting process notation can be written
Stratified case-cohort sampling
Assume that the full cohort has been divided into L strata based on covariates or surrogate variables available for all individuals. A subcohort is subsequently sampled from the full cohort using stratified sampling. Let there be n 0 l individuals in stratum l = 1, 2,…, L, suppose that m 0 l of these are sampled and let V 0 i be the indicator for individual i being sampled to the subcohort.
Covariate information is obtained for the entire subcohort and for the cases in the full cohort. From such data Borgan et al. (2000) suggested three estimators, labeled I, II and III, and presented the large sample properties of the asymptotically equivalent 'estimator I' and 'estimator III'. We will focus on 'estimator II' of Borgan et al. (2000) which is asymptotically more efficient than the two others and for which parameter and variance estimation is easier to implement (Samuelsen et al., 2006) .
For 'estimator II' the strata are redefined by excluding all cases. Let n l be the total number and m l the sampled number of individuals in stratum l after redefining the strata. The sampling fraction in stratum l among the non-cases is thus l, n = m l /n l and the inclusion probability p i for a non-case i in stratum l is p i = l, n . Similarly, the cases are considered as a separate stratum with inclusion probability p i = 1 similarly to Kalbfleisch & Lawless (1988) and Chen & Lo (1999) . Then, using a modified inclusion indicator V i = max(V 0 i , N i ( )), 'estimator II',˜ , can then be obtained by maximizing
The large sample results of Borgan et al. (2000) for 'estimator I' is easily modified to 'estimator II'˜ , as
Here, is defined as the limit of −n −1 ∂ 2l ( )/∂ 2 and the variation due to the sampling is given by
where q l is the limit of n l /n, l the limit of l, n and l the limit over the non-cases in stratum l of the covariance matrix of
.
Variance estimation
The natural estimator of is n −1Ĩ , whereĨ = −∂ 2l (˜ )/∂ 2 is the observed information matrix evaluated at˜ . The covariance matrix of˜ can be estimated bỹ
where˜ l is the covariance matrix of the X i among the sampled non-cases in stratum l. Note that, with
X i /p i and S l denoting the set of individuals sampled in stratum l after removal of cases, we can write the elements of the above sum as
whereD l is the average of D i in S l . Thus, the left-hand side of the equation is proportional to the stratum-specific covariance matrix of the D i . A fair amount of programming may appear to be required to obtain X i and D i , but the D i are fortunately calculated by many software packages (Therneau & Li, 1999) . Specifically, the D i values are the so-called 'DFBETAS' for the controls, and approximate the influence on parameter estimates from removing individual i. The score ofl( ) can be written as
( , s)
whereŨ (˜ ) = 0. Hence, the score contribution for a non-case simplifies to −X i V i /p i . Software which handles either weights or 'offset' terms is required to perform stratified case-cohort analysis. The weights are the inverse inclusion probabilities 1/p i and the corresponding offsets are log(1/p i ). The equivalence of these two approaches follows from the identity exp( Z i )/p i = exp(1 · log(1/p i ) + Z i ) and since the cases are weighted by one. Thus, l( ) is identical to the weighted log-partial likelihood.
After fitting the Cox model, the D i are calculated and the sum of their stratum-specific covariances weighted by m l (1 − l ) is calculated, giving the covariance matrix due to sampling. An example script for implementation in S-Plus and R is given in Fig. 1 .
Here time, d, z1, z2, p and stratum, respectively, are the individual follow-up times, the case-indicators, two covariates, the individual inclusion probabilities and the stratum variable in the case-cohort study. The inclusion probabilities have been redefined such that cases have inclusion probability 1. The variable stratum has levels 1, 2, . . . , L for the non-cases and some other value for the cases. The number of strata L is denoted no.str. To obtain the variance estimates we also need the number sampled in each stratum m and the total number in each stratum n (after redefining the strata) as vectors of length L. The covariance matrix due to the sampling is stored in the variable gamma and the estimated covariance matrix for the regression coefficient estimators adjvar is given by adding the 'naive' covariance matrix estimatesĨ −1 from stratcox$var.
A small simulation study
We conducted a small simulation study so as investigate the performance of the variance estimator. Survival times T i were drawn from a proportional hazards model with one covariate Z i ∼ U [0, 1], regression parameter = 1 and a Weibull baseline 0 (t) = 2t. Censoring times were uniformly distributed on the interval [0, 0.5] and independent of T i . This resulted in a proportion of cases of about 12.5%. The strata were defined by a surrogate indicating whether Z i was smaller or greater than 0.5 and a sampling fraction of 13% was chosen for both strata. This simulation was replicated 5000 times with sample sizes n = 1000 and n = 10,000. In each replication we estimated˜ and its variance estimator SE 2 according to the method described in section 2.3. In addition, we recorded the robust variance estimate (Barlow, 1994; Therneau & Grambsch, 2000) . In Table 1 we report the average of the parameter estimates, the average variance estimates, the empirical variance, the proportion of confidence intervals ± 1.96 SE covering the true value = 1 and the average of the robust variance estimates. The estimator of the regression parameter was practically unbiased, the average variance estimates corresponded well to the empirical variances and the coverage corresponded well to the nominal value of 95%. The robust variance estimates were clearly larger than the estimated variances and 95% confidence intervals based on the robust variances had coverage of 0.97 for n = 1000 and 0.976 for n = 10,000.
Generalized case-cohort designs and post-stratification
Chen (2001) discusses a general design for sampling controls -and cases -within a cohort study. In this section, we present his framework and discuss how it is related to stratified case-cohort studies. Importantly, the 'local averaging' approach proposed by Chen can be represented as post-stratification on censoring times grouped into strata. This enables us to use the variance estimation method described in the previous section. Generalized case-cohort designs are defined as follows by Chen (2001, p. 793) : (i) the design consists of a number of sampling steps; (ii) each step takes a random sample of a certain size without replacement from a certain subset of the cohort; and (iii) the design of the sample size and subset at each step and of the total number of steps must not use information about the observed covariates.
In a standard case-cohort study the sampling is carried out in one step at the outset. The subcohort sampling is carried out by simple random sampling from the total cohort and does not depend on covariates. Thus, a standard case-cohort study clearly falls within this generalized case-cohort design.
In a nested case-control study (Thomas, 1977; Langholz & Goldstein, 1992) controls are sampled from the risk sets at event times with simple random sampling and without knowledge of covariates. The sampling steps are thus given by the event times and do not depend on covariates. Chen (2001) and Chen & Lo (1999) also discuss a traditional case-control design in which controls are sampled after observing the cases. For this design there is only one sampling step and the sampling does not depend on the covariates of the sampled individuals. Another design captured by the framework of Chen is studies in which new subcohorts are sampled at specified times (Prentice, 1986) .
For generalized case-cohort designs Chen (2001) suggested a weighting technique termed 'local averaging'. This involves choosing partitions, separately for cases and controls, of the time axis and calculating weights that are assigned specifically to individuals with exit times in the intervals defined by the partition. In contrast to Chen we assume that covariate information is obtained on all cases and need only consider a partition 0 = s 0 < s 1 < · · · < s L = for the controls. The weights are then given by
where V i is the indicator that individual i was selected by the sampling design and I (·) is the indicator function. Thus, the numerator of w (s j−1 , s j ] counts the number of individuals censored in (s j−1 , s j ] and the denominator the number of these that were sampled. Individual i is then assigned weight w i = w (s j−1 , s j ] if censored within interval (s j−1 , s j ] and w i = 1 if the individual is a case. Chen (2001) suggests estimating a proportional hazards model by solving the weighted estimating equatioñ
where the h i (t) are some functions of the covariates. In particular, with h i (t) = Z i this becomes the score equation of a weighted partial likelihood. Chen (2001) argues that a properly chosen h i (t) can give an efficiency improvement when compared with the conventional h i (t) = Z i . We will, however, only consider the standard h i (t) = Z i here.
Defining p i = 1/w i , we see that p i can be interpreted as the proportion of individuals sampled among those who were censored in the same interval (t j−1 , t j ] as individual i. Thus the weights can be interpreted as inverse sampling fractions. Also, for the cases p i = 1 which corresponds to sampling all cases. Using this notation and h i (t) = Z i , the estimating equation becomes
which is formally identical to the estimating equation for 'estimator II' within the stratified case-cohort design. However, the strata are in this setting determined by the length of follow-up instead of a surrogate variable for the covariates.
The method of Chen (2001) can be described as first carrying out the sampling by any sampling scheme within the class of generalized case-cohort studies, then dividing the cohort and the sampled data into strata according to the event status and to the length of followup and finally fitting a model to the data as if they were obtained by stratified case-cohort sampling. It is thus evident that the method amounts to post-stratification (see e.g. Cochran, 1977) . Indeed, redefining the strata after observing whether the individuals are cases or non-cases, as was performed for estimator II in the stratified case-cohort study, is just a more moderate form of post-stratification.
Due to the post-stratification argument, the large sample covariance matrix of the score of the weighted partial likelihood will be the same as if the data had originally been obtained by stratified sampling. It follows that the large sample properties of the estimator will also be the same as if data were originally collected by stratified sampling. The variances can hence be expressed and calculated as for the stratified case-cohort design. Specifically, this is so when the original sampling is simple random sampling from the full cohort as in the standard case-cohort design, or by stratified sampling based on case status in the traditional case-control design. The usual variance result with post-stratification relies on the original simple random or the stratified sampling (Cochran, 1977) .
The argument is somewhat more convoluted with, for instance, nested case-control sampling. Although the control sets at the different event times are all sampled by simple random sampling this does not imply that the set of controls are sampled in this way. Indeed, Samuelsen (1997) pointed out that the probability of ever being sampled as a control increases with the length of follow-up. Within a post-stratum defined as a follow-up time in the interval (s j−1 , s j ] the sampling fraction can vary considerably. However, when making the interval lengths s j − s j−1 all go to zero as sample size increases, the sampling fraction will become approximately equal for individuals censored in (s j−1 , s j ]. The sampling scheme will then correspond to stratified sampling.
For large sample results, Chen (2001) assumed that the maximum number of individuals sampled in a censoring interval grows at a smaller rate than n 1/2 , i.e. as o P (n 1/2 ). For practical purposes this implies that max (s j − s j−1 ) → 0. However, the above post-stratification argument shows that this is not a necessary condition for asymptotic normality and consistency of estimators based on standard case-cohort and traditional case-control designs. However, for nested case-control and other sampling designs with several sampling steps the requirement of Chen is necessary as sampling fractions are usually not constant over censoring intervals. The choice of partitions may hence require some care to avoid biased estimates.
Although it is not always necessary for consistency and asymptotic normality to let the censoring intervals become small, there may be efficiency gains by decreasing their length. However, as the large sample results of Borgan et al. (2000) require that stratum sizes become large, a large number of strata can be a difficulty when certain strata sizes are small. The main efficiency gain might be obtained by using only a moderate number of censoring intervals.
Post-stratification for other sampling designs
The results of Chen (2001) require that sampling does not depend on covariates and that simple random sampling is used at each sampling step. Here, we argue that poststratification (or local averaging) can be used in more general settings. Three sampling designs will be considered in detail, but application may also be possible for other designs. The main idea is that the sampling fractions within the strata should be approximately equal after post-stratification.
Stratified case-cohort studies
In stratified case-cohort studies the sampling fractions may depend on surrogate variables available for the complete cohort. Within a stratum, sampling of a subcohort is carried out with simple random sampling. For the estimator discussed in section 2, the strata and sampling fractions were redefined after observing which individuals became cases. It is then fairly straightforward to redefine the strata for censoring, grouped into intervals, as well. Borgan et al. (2000) discuss time-dependent weights defined as the number at risk in the cohort at a specific time divided by the sampled number at risk at that time, separately for each stratum. Time-dependent weighting has good efficiency properties (Kulich & Lin, 2004; Nan, 2004) , but may be cumbersome to implement. Furthermore, a variance estimator is yet to be developed.
Post-stratification on censoring (or local averaging) is a related way of improving the correspondence between the sampled data and the cohort data throughout the study period and may have similar efficiency gains. Furthermore, the weights are not time dependent, which makes estimation easier. The variance estimator developed for estimator II of Borgan et al. (2000) , modified by the censoring strata, can be used.
Counter-matched studies
Counter-matched studies are similar to stratified case-cohort studies in the sense that the sampling depends on a surrogate variable known for all individuals in the cohort. On the other hand, the design is an extension of nested case-control studies as controls are sampled from the risk set of the cases. In particular, with L levels of the surrogate variable, m l controls are sampled from strata l except for the stratum of the case at a time t j . From stratum l of the case m l − 1 controls are sampled. In this way the sampled risk set R(t j ) at t j , consisting of the case and the controls sampled at that time, at all event times contains exactly m l individuals from stratum l. With n l (t j ) individuals at risk right before time t j in stratum l this risk set gives a likelihood contribution
where w jk = m l /n l (t j ) when individual k has level l on the surrogate variable. The countermatching estimator under the proportional hazards assumption is obtained by maximizing the product of the L j over the event times t j as a function of . This product possesses a partial likelihood property and large sample inference follows from this . The post-stratification approach can be applied immediately also to counter-matched studies. We define new strata according to the event (case or non-case), censoring interval and the surrogate variable. Weights are again given as inverse sampling fractions within strata, defined as the number of sampled individuals divided by the number of individuals in the cohort.
As for nested case-control designs the probability of being sampled will not be constant within a censoring interval, but it will not vary much with a fair number of censoring intervals. Large sample inference thus requires that the lengths of all intervals tend to zero as the sample size increases. The situation is otherwise similar to the nested case-control design and the post-stratification argument for variance estimation is valid.
Similarly to post-stratification for stratified case-cohort studies we may end up with a large number of strata. The theory of Borgan et al. (2000) also requires that the number sampled in each stratum is large, a requirement which may be difficult to satisfy for a given sample size. Consequently, the censoring intervals should be chosen with care. Kalbfleisch & Lawless (1988) and Robins et al. (1994) discuss Bernoulli sampling where individuals are sampled independently, allowing inclusion probabilities to depend on covariates and surrogate variables.
Bernoulli sampling designs
A variance formula for the estimated regression parameters was developed by Kalbfleisch & Lawless (1988) . This formula can be written in a similar form as the one in section 2.3 by replacing the central second-order moment (1/(
, if the same sampling fraction is used for all individuals in stratum S l .
Formally, this design does not belong to the class of Chen (2001) as Bernoulli sampling is not sampling without replacement. However, after conditioning on the number actually sampled in the strata and using the same sampling probability in each stratum, the sampling frame amounts to stratified random sampling.
Furthermore, this approach may also be extended to post-stratification on censoring intervals by counting the total and sampled number of individuals in each interval and in each stratum among the non-cases and weighting by inverse sampling fractions in each group.
Simulation studies
In this section, we investigate the behaviour of the post-stratification (or local averaging) method using simulations. We will use the simulation model from section 2.4, although sometimes with modifications. Standard case-cohort studies, nested case-control studies, strati-fied case-cohort studies, counter-matched studies and Bernoulli-sampling strategies are considered. Further results and discussion can be found in Samuelsen et al. (2006) .
Case-cohort design
In our first simulation we use the same cohort model as in section 2.4, but the subcohort was instead drawn using simple random sampling. This model is simulated 5000 times with a total sample size of 1000 individuals. In each replication of the simulation model a subcohort of size m 0 = 130 is sampled from the complete cohort. For each replication we obtain the Cox estimator from the cohort data, the estimator with post-stratification only on case status and two estimators which are also post-stratified on censoring. For the first of these the censoring interval is stratified into five intervals of equal length and for the second into 10 intervals of equal length. For all estimators the variance is estimated. In addition, we employ the robust variance (Barlow, 1994; Therneau & Grambsch, 2000) for the case-cohort estimators. In panel A of Table 2 we present the average of regression parameter estimates, the average variance and robust variance estimates and the empirical variances of the estimates. We also calculate the relative efficiency between the case-cohort estimators and the cohort estimator, defined as the ratio of their empirical variances.
There was a very slight bias for the case-cohort estimates, but the magnitude was the same for all three estimators. The variances were also very similar for all estimators, although it appears that post-stratification slightly increased the variances. This is in contrast to large sample results (Chen, 2001) .
These results are in clear contrast to the efficiency gains presented by Chen (2001) . However, in that paper the censoring times depended on the covariates. To study this effect we will, following Samuelsen (1997) , assume that the censoring time is exactly proportional to the covariate. With known censoring times for all individuals in the cohort we have complete cohort information and there is no need to carry out the subcohort sampling. This model is still interesting to investigate because we might get an idea of how large the efficiency gains can be and how far the weighted likelihood is from the efficient estimator.
Thus 5000 new simulations with the same model for the time to event, but with the censoring time exactly proportional to the covariate, were performed. The censoring time was uniformly distributed over an interval from 0 to a value chosen to get about 12.5% cases. Subcohorts of size m 0 = 130 individuals were then sampled and the same estimators used as in the previous simulation. The results from these simulations are presented in panel B of Table 2 . There was no evidence of bias of the regression parameter estimates. The correspondence between variance estimates and empirical variances were good, but the robust variance only worked properly for post-stratification only on case status. Post-stratification also on censoring interval gave estimators that were markedly efficient compared with post-stratification only on case status and that were not far from efficient compared with the cohort estimator.
The relative efficiencies are somewhat better than those reported by Chen (2001) who used a censoring variable that was not exactly proportional to the covariate. Samuelsen et al. (2006) conduct a simulation with a correlation between censoring and covariate of 0.9, corresponding to the simulations of Chen. In this case, the efficiency gain was more modest than that reported by Chen.
Nested case-control design
Traditionally nested case-control studies are fitted using the Thomas (1977) estimator which is obtained by maximizing a Cox-type likelihood. Goldstein & Langholz (1992) showed that this likelihood is a partial likelihood under the proportional hazards model (see also Oakes, 1981; Borgan et al., 1995) . Samuelsen (1997) instead suggested maximizing a weighted likelihood in which the sum in the denominator at an event time is over all sampled controls and all cases at risk at that time. The weights for the controls were given as the inverses of the estimated inclusion probabilities
where m is the number of controls sampled for each case and Y (s) is the number at risk at time s−. Note that p i will increase with the length of follow-up. The weights are set equal to 1 for the cases.
As an improvement, Chen (2001) suggested using local averaging weights, which we have argued amounts to post-stratification on censoring times grouped into interval strata. The inclusion probability for this approach will be constant over the time interval, but it may well decrease from one interval to the next. This may reflect the actual sampling better than the monotone (in length of followup) p i of Samuelsen (1997) .
However, the actual choice of intervals is somewhat arbitrary and there could be problems both with intervals that are too short and too long. An alternative inclusion probability can be obtained by using some smooth function over time that properly describes the proportion of sampled controls. Several ways of implementing this idea are possible, for instance, smoothing indicators of being sampled against censoring times with generalized additive models (GAM; Hastie & Tibshirani, 1990) .
As an example we simulated the model in section 2.4 once and sampled m = 1 control per case. Estimates of the probability of being sampled as a control are displayed in Fig. 2 . For post-stratification we only show the estimates based on 10 equal length intervals. A potential problem with the post-stratified estimate with 10 intervals is that some intervals do not contain controls, corresponding to a zero sampling fraction.
We replicated simulations with nested case-control sampling of m = 1 control per case 5000 times. In each simulation we used: (1) the cohort (Cox) estimator; (2) the Thomas (1977) estimator; and (3) weighted partial-likelihood estimators. We used weights from (3a) the inclusion probabilities of Samuelsen (1997) ; (3b) GAM; (3c) post-stratification with five equal length intervals; and (3d) post-stratification with 10 equal length intervals. Variance estimates were obtained for the Cox estimator and the traditional nested case-control estimator (as the inverse information) and for the post-stratified estimators. Samuelsen (1997) developed a variance estimator for his estimator, but this was not used in these simulations. For the GAM weighting no variance estimator is available.
Results from the simulations are reported in panel A of Table 3 . For the Cox estimator the results were very close to those in panel A of Table 2 . The reported efficiency is relative to the Cox estimator.
Variance estimation worked well for the traditional nested case-control method and the post-stratified method. Both for the inclusion probability of Samuelsen (1997) and the GAM approach the robust variances performed well. The traditional nested case-control estimator was somewhat inefficient compared with the weighted estimators, but the inclusion probability and the GAM approaches produced estimates which were as precise as the poststratified estimator.
Similar to the case-cohort study we also conducted 5000 simulations of nested case-control studies with the censoring times proportional to the covariates. Thus, full information about the covariate is available and the simulations were performed only to study the behaviour in this extreme case. Results are given in panel B of Table 3 .
In this case, the weights from the GAM produced a practically efficient estimate. Poststratification with 10 intervals also gave an estimator with small variation, although having a clear bias. Variance estimation for the post-stratified estimators appeared to work well with 10 intervals.
The traditional nested case-control estimator is quite inefficient in this situation with efficiency comparable with Panel A. This is not surprising as no information about the relation between covariate and censoring is used for this estimator. The estimator based on the inclusion probability of Samuelsen (1997) provides a great improvement from the traditional nested case-control estimator, but is still far from efficient. Samuelsen et al. (2006) show results from a simulation with a correlation between covariate and censoring of 0.9, similar to Chen (2001) . The relative efficiencies were reduced to 0.78 for the GAM approach and to 0.75 for the local averaging approach.
Stratified case-cohort design
To study the potential benefits of our extension of the local averaging method of Chen (2001) to stratified case-cohort designs we simulated the same model and sampling scheme as in section 2.4 with n = 1000. In addition to the surrogate we then post-stratified the data into five equal-length censoring intervals, giving 10 strata in total, and to 10 intervals, giving 20 strata. Results are given in panel A of Table 4 .
The average estimated variance was in good agreement with the empirical variance for five intervals, but perhaps a bit too small for 10 intervals. The robust variance estimator was again markedly conservative.
The main observation from these simulations is that the variances are considerably reduced after post-stratification on censoring intervals when censoring and covariates are independent. This is in contrast to the effect of post-stratification in the usual case-cohort studies discussed in section 5.1 where a rather strong dependence was required to demonstrate an efficiency improvement. The efficiency improvement for stratified case-cohort studies may be explained by inspecting the DFBETAS or the
Within standard case-cohort studies these have an average over the controls close to zero unless covariates are strongly predictive of case status. Taking averages within post-strata defined by the length of follow-up then typically also produces values close to zero. In contrast, for a stratified case-cohort study the average of the X i will differ from zero in the different strata, but the X i will also depend on the length of follow-up. Taking averages over post-strata defined by both the original stratification variable and the length of follow-up will produce systematically different X i in the post-strata and variation within these post-strata may be smaller than the variation within the original strata.
Counter-matched design
Counter-matching was described in section 4.2 where the original estimator of was presented. It was argued that we could alternatively use a poststratification method with strata defined as censoring intervals for each level of the surrogate. Furthermore, it is possible to calculate an inclusion probability, similar to that of Samuelsen (1997) , of individual i ever being sampled as a control. This is given by 
when individual i belongs to stratum l, where m l (s) = m l − 1 if the case at time s comes from stratum l and where m l (s) = m l otherwise. An alternative estimator could be obtained by maximizing a weighted partial likelihood where cases are weighted by 1 and controls by 1/p i . Another option could be to smooth indicators of being sampled as controls against censoring times separately for each stratum using, for instance, GAMs.
To investigate the performance of such methods we performed a simulation study with the same model as used for panel A of Table 3 with censoring independent of the covariate. In addition, we used an indicator for the uniform [0, 1] covariate taking a value above 0.5 as stratum variable. We obtained the cohort Cox estimator, the traditional counter-matching estimator of , an estimator with inclusion probabilities similar to that of Samuelsen (1997) for both strata, an estimator with inclusion probabilities based on GAM and a post-stratified estimator with five equal length censoring intervals and two levels of surrogate variable (10 strata in total). Variance estimates were obtained for the traditional counter-matched estimator as the inverse of the information and for the post-stratified method using the correction method described in section 2.3.
Contrary to all other simulation results reported in this paper, the traditional method clearly outperformed thepost-stratified and all other estimators in this case. It should be noted that the traditional counter-matched estimator attained a very high efficiency of 0.85, higher than any other estimator based on simulations from such a model (see Table 1 and panel A of  Tables 2-4 ). However, although there was no efficiency improvement the estimators were only slightly biased and variance estimation seemed to work well.
Bernoulli sampling design
In section 4.3, we argued that we could also invoke the post-stratification method if the subcohort was sampled with Bernoulli sampling. The standard approach to analysing such data would be to weight by the inverse of the sampling fractions. Alternatively, the redefined weights after observing how many were sampled in each interval should give a closer correspondence to the cohort data and might thus produce more precise estimates.
To demonstrate this we performed a simulation similar to the one in section 2.4, but with Bernoulli sampling in both strata. As in previous simulations, the strata were determined by whether the uniform [0, 1] covariate Z was above or below 0.5. The sampling fraction for the Bernoulli sampling was 0.13 which was also the fixed sampling fraction for the stratified case-cohort studies.
Based on 5000 replicated data sets generated from this model we obtained the cohort Cox estimator, the weighted Cox estimators with the original weights of 0.13, the modified weights after observing how many censored individuals were actually sampled in each stratum and also estimators post-stratified both on stratum and censoring interval. Robust and adjusted variances were also recorded for all estimators. The results are given in panel C of Table 4 .
The variances based on the original sampling fractions were clearly larger than for the sampling weights corrected for stratum. An additional efficiency improvement was obtained after post-stratifying also on censoring interval. Indeed, the behaviour of the post-stratified estimators with Bernoulli sampling in panel C of Table 4 is in very good agreement with the post-stratified estimators for stratified case-cohort sampling in panel A of the same table. The robust variances in panel C were only valid when using the original sampling fractions.
Discussion
Proportional hazards models can easily be fitted for stratified case-cohort data by using standard Cox regression software accommodating inverse probability weighting. In particular, estimation of the covariance matrix for the regression coefficients can proceed based on the DFBETAS. Simulation studies indicated that such variance estimation performs well. In contrast, robust variance estimates can be markedly conservative for stratified case-cohort studies.
We have also pointed out a relation between post-stratification on censoring intervals and the local averaging weights of Chen (2001) for a general class of sampling designs. The use of stratified case-cohort methods to adjust variance estimates was investigated and such methods appeared to work well. However, for nested case-control studies the estimates were sometimes clearly biased. It is interesting to note that the inclusion probabilities of Samuelsen (1997) or smoothed inclusion probabilities based on GAMs seem to produce practically unbiased estimates. Chen (2001) showed that his local averaging estimator was large sample efficient compared with other estimators. In our simulations, we found clear efficiency improvements when censoring depended strongly on a covariate, but with independence there was little improvement. In small samples there may even be an efficiency reduction compared with traditional methods.
The censoring intervals that constitute the strata for post-stratification should be judiciously chosen. Too large stratum sizes can lead to bias whereas too small stratum sizes reduces efficiency and may require adjusted variance estimators.
Importantly, we have shown that local averaging can be used for covariate (or surrogate variable) dependent sampling such as stratified case-cohort and counter-matched designs. For stratified case-cohort designs our simulations were very promising as we obtained efficiency gains even when censoring and covariates were independent. For counter-matching, on the other hand, the method of was found to be more efficient than post-stratification in our simulation. The generality of this result should be investigated.
Most of the methods discussed in this article are based on maximizing weighted partial likelihoods. A merit of probability weighting is that it is a very general approach that can be used for a multitude of models, including parametric survival models (Kalbfleisch & Lawless, 1988; Samuelsen, 1997) and semiparametric additive hazard models (Kulich & Lin, 2000) . Furthermore, for competing-risk models with nested case-control and counter-matched designs, controls sampled to cases of one type of event can only be used in relation to this type of event when using the traditional estimation techniques. In contrast, weighting makes it straightforward to use all sampled controls for all types of events just as for case-cohort studies. Also, for time-matched designs, the traditional methods do not allow the time-scale to be changed from the original scale (e.g. age) to another scale (such as calendar time or time in study) whereas this does not pose a problem for weighting techniques. Another advantage of weighting methods for nested case-control and counter-matched studies is that the efficiency loss due to missing covariates can be reduced. This is because the traditional methods require that matched sets (both case and controls) with a missing covariate value must be excluded from the analysis. In contrast, weighting by inverse inclusion probabilities enables us to make use of all individuals with complete covariate information. Thus, although our simulations of counter-matched studies did not demonstrate an efficiency improvement from using weighted methods, this approach may still be useful in practice.
Recently, semiparametric maximum partial-likelihood estimators for case-cohort studies (Scheike & Martinussen, 2004) , for stratified case-cohort studies (Kulich & Lin, 2004 ) and nested case-control studies (Scheike & Juul, 2004) have been developed. These methods may sometimes perform better than our approach based on inverse probability weighting. However, the estimators suggested in this paper generally perform very well and model fitting and variance estimation is very easy to carry out using standard software.
